Background: Missing data are common in tobacco studies. It is well known that from the observed data alone, it is impossible to distinguish between missing mechanisms such as missing at random (MAR) and missing not at random (MNAR). In this paper, we propose a sensitivity analysis method to accommodate different missing mechanisms in cessation outcomes determined by self-report and urine validation results. Methods: We propose a two-stage imputation procedure, allowing survey and urine data to be missing under different mechanisms. The motivating data were from a tobacco cessation trial examining the effects of the extended vs. standard Quit and Win contests and counseling vs. no counseling under a 2-by-2 factorial design. The primary outcome was 6-month biochemically verified tobacco abstinence.
Background
Cigarette smoking is a risk factor for morbidity and mortality in the US and around the world [1] [2] [3] [4] . Smoking cessation studies usually encourage cessation and provide either behavioral (e.g., counseling) or pharmaceutical (e.g., nicotine gum) interventions or both. In smoking cessation studies, missing binary abstinence outcomes (i.e., quit or not quit) are very common. These missing outcomes may lead to bias or weakened statistical power in estimating the effect of the studied intervention. Choosing appropriate statistical methods to handle binary missing data has been a continuing source of controversy [5] .
The choice of methods to deal with missing data would depend on assumptions about the missing mechanism [6] . Data are referred to as being missing at random (MAR) if the missing status (yes or no) is not related to the missing value itself, but can be dependent on some other observed variables. Data are referred to as being missing not at random (MNAR) or nonignorable missing if the probability of missing depends on the missing value. It is well known that from the observed data alone, it is impossible to distinguish between MAR and MNAR. Therefore, statistical analyses based on one specific missing mechanism, such as the popular MAR assumption, could lead to misleading conclusions if it turns out that the missing is not at random. For example, consider a trial to incentivize smokers to quit smoking. Missing data due to a non-response in surveys or as a result of dropouts could be dependent on the smoking status of the participants, which renders the missing mechanism to be not at random. Sensitivity analysis can play a crucial role in assessing the robustness of the findings in clinical trials with missing data [7] . In this paper, we aim to study sensitivity analysis methods for analyzing smoking cessation outcome data under various missing data mechanisms including MAR and MNAR.
In the literature, the standard procedure used in smoking cessation trials is to assume that all non-respondents are smoking (referred to as the "missing = smoking" method hereinafter), which is a special case of single imputation under the MNAR assumption. Based on Jackson et al. [8] , around 80% of reports of smoking cessation trials adopt this assumption. However, this simple imputation approach has been shown to lead to potentially biased results [8] [9] [10] [11] [12] . Other common single imputation methods frequently used in smoking cessation trials include the last observation carried forward (LOCF), the baseline observation carried forward (BOCF) and imputations based on predicted values from a regression model or the expectation-maximization (EM) algorithm [13] . In addition, Barnes and colleagues [14] used a multiple imputation procedure with the propensity score matching method to impute missing smoking status.
Hedeker and colleagues [12] demonstrated that the simple missing = smoking imputation is essentially based on the assumption that the missing status and the smoking status have a perfect correlation (r = 1) or, equivalently, the odds ratio (OR) between missing and smoking equals positive infinity (OR = +∞). They developed both simple and multiple imputation approaches based on more relaxed assumptions which allow different levels of correlation between smoking and missing status. Although their imputation method provides a more flexible and useful alternative to the simple missing = smoking method and has been applied in various trials [8, 13] , this method cannot be directly applied to data with missing values generated from multiple sources or stages. For example, when cessation outcome is determined by self-report survey data followed by a urine validation test, both a non-respondent survey and a missing urine sample can lead to missing cessation outcomes. In this case, an imputation procedure designed to account for missing data generated from two different stages, the survey collection stage and the urine collection stage, would be preferable. A naive imputation approach for dealing with this type of missing data would treat only subjects who confirmed their abstinence by both self-report and a urine sample with a negative result as a treatment success (i.e., biochemically verified self-reported abstinence). All the other subjects including those who either failed to complete the survey or failed to provide the urine sample for confirmation of self-reported abstinence would be considered as treatment failures (i.e., not achieving abstinence). Note that this naive approach is an extreme case under the MNAR assumption, assuming a perfect correlation between survey missing and self-report failure and a perfect correlation between urine missing and urine-verified failure among people who self-reported abstinence. Hence, it does not have the flexibility to accommodate different levels of correlation between survey missing and self-report failure or between urine missing and urine-verified failure. In this paper, we extend Hedeker et al.'s method [12] to a two-stage imputation procedure to take into account missing data in either the self-report or the urine verification stages.
The rest of the article is organized as follows. In Section 2, we first introduce a randomized controlled trial of college smokers [15] which motivated this research, and then, we introduce a sensitivity analysis method using a two-stage imputation procedure for missing abstinence data at the self-reporting and subsequent biochemical verification stages. In Section 3, we report the sensitivity analysis result of the college smokers study. Some discussions and concluding remarks can be found in Sections 4 and 5, respectively.
Methods

Aim, design, and setting
The data motivating this research were collected from 1217 subjects enrolled in a smoking cessation randomized clinical trial entitled "Enhanced quit and win contests to improve smoking cessation among college students" (henceforth referred to as the "Enhanced Quit & Win" study) during the academic years 2010-2013. This study utilized a two-by-two factorial design to examine the marginal effect of two distinct interventions: the impact of multiple vs. single Quit & Win contests and the effect of the Motivational and Problem Solving counseling (MAPS) counseling vs. no counseling on smoking cessation among college smokers. Specifically, participants were randomly assigned to one of four groups: (1) single contest (denoted by Tx1, n = 306), (2) single contest plus counseling (Tx2, n = 296), (3) multiple contests (Tx3, n = 309), and (4) multiple contests plus counseling (Tx4, n = 306). The primary cessation outcome was measured at 6 months post-randomization when all participants were encouraged to complete an online survey to report their smoking status and other tobacco use in the past 30 days. Only people who reported no tobacco use in the past 30 days were invited to provide urine to biochemically (cotinine assay) confirm their self-reported abstinence. Both selfreported abstinence and biochemically verified abstinence were of interest. The study design and the characteristics of participants are described in greater detail in the parent study manuscript [15] . This trial was registered at ClinicalTrials.gov as number NCT01096108.
Sensitivity analysis using two-stage imputation As we described earlier, the missing data in the Enhanced Quit & Win study occurred at two different stages: the survey collection stage and the urine verification stage. A common and conservative imputation approach for dealing with such two-stage missing data would treat only subjects who self-reported abstinence and provided a urine sample which confirmed the abstinence as a treatment success (i.e., biochemically verified abstinence). All the other subjects including those who either failed to complete the survey or failed to provide urine would be considered as a treatment failure. This is analogous to the missing = smoking method for one-stage missing data. Note that this approach is an extreme case of the single imputation approach under the not missing at random (MNAR) assumption, assuming a perfect correlation between the survey missing and self-report failure, or equivalently an infinite odds ratio between the two (denoted by OR 1 = ∞), and at the same time a perfect correlation between the urine missing and urine-verified failure (denoted by OR 2 = ∞).
In this paper, we propose a two-stage imputation approach under the MNAR assumption, which takes into account the two-stage missing process and allows (1) different levels of correlation between the survey missing and self-report failure (i.e., varying OR 1 ) and (2) different levels of correlation between the urine missing and urine-verified failure among those who self-reported abstinence (i.e., varying OR 2 ). This can be considered as an extension of the imputation method in Hedeker et al. [12] for one-stage missing data to a two-stage missing data situation. In this section, we present a two-stage imputation approach conducted on a summary or aggregated data basis.
The one-stage imputation method by Hedeker et al. [12] for the self-report data
We first introduce some general notation. We code "tobacco use status", the binary dependent variable as 1 = used tobacco/failure and 0 = did not use tobacco/abstinence and "missing status", the binary indicator of whether the data is missing or not as 1 = missing and 0 = observed. Let j = 1, 2, 3, 4 index the four treatment groups, Tx1 to Tx4, respectively. Let subjects be indexed by i = 1, 2, …, n j , where n j denotes the total number of subjects in treatment group Tx j . Since we propose to perform imputations within each treatment, in the sequel we omit j from all symbols to simplify notation. Moreover, we use superscripts 11, 12, 21, and 22 to denote the four entries of the two-by-two table between the tobacco use status and missing status, as illustrated in Table 1 . Note that, in the second row of Table 1 , only the total number of individuals with missing data, n 2. , can be observed; the abstinence statuses of these people, n 21 and n 22 (the second row in Table 1 ) are unknown and need to be estimated. Furthermore, in the summation row of Table 1 , the total number of abstinence (denoted by n .1
) and the total number of failure (denoted by n .2 ) are also unknown. Note that the 'dot' in the superscripts indicates summation over a row or column.
Following Hedeker et al. [12] , in order to impute the numbers for abstinence and failure for participants with missing survey data (n 21 and n 22 ), we will assume an odds ratio for the missing survey status and self-report tobacco use status (OR 1 ) to reflect the strength of correlation between them (denoted by r 1 ). Note that the widely adopted missing = smoking method corresponds to the situation of r 1 = 1 or OR 1 = ∞. In that case, n 21 is imputed with 0 and n 22 is imputed with n 2.
. More generally, we have
and then it can be shown that the unobserved values, n 21 and n 22 can be imputed with the assumed OR 1 by:
where Odds is the odds of tobacco using among survey respondents and can be calculated from the observed survey data by . Participants who do not respond or are lost to follow-up in a smoking cessation study may differ from those who are retained in the study with regard to their smoking status. We often expect that the odds of tobacco use among non-respondents is equal to or higher than that of respondents (i.e., OR 1 ≥ 1), especially in studies where people are incentivized to quit as in the Enhanced Quit & Win 
The two-stage imputation method for the urine-verified data
When estimating biochemically verified abstinence, more complex conditions should be considered since missing data can be present at both the survey and the urine verification stage. Without specification, the notation for the survey data are the same as those defined previously (see Table 1 and the top half of Fig. 1 ). Some additional notations, shown in the lower half of Fig. 1 , specific to the urine data are defined as follows. Let u (obs) and u (imp) denote the number of urine samples provided by people who self-reported abstinence (n 11 ) and the estimated number of urine samples that could be collected from people who would report abstinence if they did not fail to respond to the survey (n 21 ), respectively; similarly, v (obs) and v (imp) are used for the number of missing urine samples of n 11 and n 21 , respectively. For the urine-verified abstinence outcome, similar notation is defined as for the self-report abstinence outcome except for using f, instead of n. The superscript 11, 12, 21, and 22 have the same meaning as those for n. In addition, we use f 11(obs) to denote the number of urine-verified abstinence and f 12(obs) the number of urine-verified failures obtained from people who actually provided urine samples, and we have u (obs) = f 11(obs) + f 12(obs) .Similarly, we use f 11(imp) to denote the number of urine-verified abstinence and f 12(imp) the number of urine-verified failures obtained from the estimated available urine samples, and we have u (imp) = f 11(imp) + f 12(imp) . Then we combine f 11(obs) and f 11(imp) to obtain the total number of is the number of survey non-respondents. Then among survey respondents, denote n 11 as the number of observed self-report abstinence and n 21 as the number of imputed self-report abstinence. Similarly, n 12 and n 22 represent the number of observed failures and imputed failures based on the self-report data, respectively. For the urine samples, u (obs) and u (imp) represent the number of observed and estimated (based on the imputed survey data) urine samples being provided; similar notations, v (obs) and v (imp) are used for the number of unavailable urine samples. For the urine data, analogous notations are defined as for the survey data except for using f, instead of n, to denote the numbers of subjects under different conditions (with the superscript 11, 12, 21, and 22 having the same meaning). In addition, we used f 11(imp) to denote the abstinence and f 12(imp) to denote the failure obtained from the estimated available urine samples u (imp) ).Then we combined the f 11(obs) and f 11(imp) to obtain the number of urine-verified abstinence f . Based on the previous imputation results for missing data at the survey stage, self-report abstinence (n 11 , n 21 ) and failed abstinence (n 12 , n 22 ) have been generated based on the imputed survey data under the assumed OR 1 within each treatment. Next, we proceed to estimate urine-verified abstinence or failure under the assumed OR 2 for the imputed, "complete" self-report data. Prior to imputing missing urine sample data, the numbers of subjects who would have provided urine samples (u (imp) ) or would not provide urine samples (v (imp) ) among survey non-respondents need to be estimated. One can assume that the urine missing rate among survey non-respondents, compared with respondents, varies by a known factor λ (λ > 0), that is
Consequently, the number of available (u (imp) ) and unavailable (v (imp) ) urine samples among imputed self-report abstinence cases can be calculated based on Equation (2) and the fact that u (imp) + v (imp) = n 21 . Similarly, one can assume that, compared to the actually provided urine samples, the urine-verified abstinence rate among the urine samples that could have been provided if the survey were completed, varies by a known factor η (η > 0):
Therefore, the number of urine-verified abstinence (f 11(imp) ) and failure (f 12(imp) ) among imputed self-report abstinence cases people can be estimated based on Equation (3) and the fact that f 11(imp) + f 12(imp) = u (imp) . We then can calculate the total number of urine-verified abstinence cases by f 11. = f 11(obs) + f 11(imp) and the urine-verified failure by f 12. = f 12(obs) + f 12(imp) among all the "available" urine samples (including actually observed or imputed). Up to this point, the urine-verified abstinence (f 21 ) and urine-verified failure (f have not yet been imputed. Next, we use the fact that v = f 22 + f 21 = v (obs) + v (imp) and propose a similar imputation procedure for the urine missing data as for the survey missing data described in the previous subsection as follows:
f 11: or equivalently;
where the second equality follows from Equation (3), and Odds′ and π′ are the odds of tobacco use and probability of tobacco use among people who provided urine sample, respectively. The overall number of participants with urine-verified abstinence can then be obtained by simply adding f11. and f21, and similarly, the overall number of urine-verified failure is f12. + f22. After all the above steps are completed for each treatment arm, we can estimate the various treatment effects based on the imputed data.
For the Enhanced Quit & Win data, we assumed a series of ≥1 values for OR 1 and OR 2 (1, 2, 3, 4, 5, and positive infinity) and that λ = η = 1 for the ease of presentation, but certainly more values can be examined for these parameters in the sensitivity analysis. SAS Version 9.4 (SAS Institute Inc., Cary, NC, USA) was used for all analyses and the SAS computing code for the proposed two-stage imputation method is provided in the Additional file 1: Supplementary Material. Figure 2 shows the summary of the 6-month abstinence outcomes and missing data. Of the 1217 randomized participants, 981 (81%) completed the 6-month survey and 236 (19%) did not. Among the 981 survey completers, 264 (27%) self-reported tobacco abstinence. Among the 264 participants who self-reported abstinence, 182 (69%) provided urine. Among the 182 participants who provided urine samples, 5 were not of adequate amount for testing and 153 (84%) were biochemically confirmed as abstinent. Table 2 presents the differential missing data patterns across treatment arms and intervention conditions by both survey missing and urine missing. Note that the five missing urine test results due to inadequate urine amount were assumed to have the same distribution as the other 177 urine samples (86% verified abstinence and 14% verified failure) and added to the corresponding columns in Table 2 . We found that the no counseling groups, Tx1 and Tx3, had significantly (p = 0.003) lower survey missing rates (15.4 and 16.5%, respectively and 15.9% for the combined group) than the two counseling arms, Tx2 and Tx4 (22.6 and 23.2%, respectively and 22.9% for the combined group), whereas the single-and multiple-contests groups were found to have similar survey missing rates (p = 0.798). The urine missing rate was similar between the single-and multiple-contests groups and between the counseling and no counseling groups (both ps > 0.05).
Results
Summary of missing data
Self-report abstinence outcome
The imputation results of the self-report abstinence outcome are summarized in Table 3 . As a comparison, we also present the results from a complete case only analysis, where only subjects with no missing survey or urine were included. We can prove that the abstinence rate decreases as OR 1 increases. As expected, the estimated abstinence rates and treatment effect based on the imputed data under the MAR assumption (i.e., OR 1 = 1) are the same as those based on the complete case only analysis. However, the statistical significance is stronger (smaller p) in the former as more data are utilized. Under the MAR assumption, the estimated treatment effect of counseling vs. no counseling is significant (OR for abstinence = 1.31, p = 0.034); however, as OR 1 increases, the estimated treatment effect becomes less significant (all ps > 0.05 for OR 1 ≥ 2), indicating that this treatment effect is sensitive to different assumed values of OR 1 . On the contrary, the estimated treatment effects of multiple vs. single contest are all close to 1.16 (all ps > 0.05), indicating that this treatment effect estimation was robust to different assumed values of OR 1 . This phenomenon can be explained by the different survey missing rate between the counseling and no counseling groups, but not between the multiple and single contest groups (see the left panel in Table 2 ).
Urine-verified abstinence outcome
The results obtained from the imputed urine-verified abstinence data were summarized in Table 4 . By considering all the combinations of OR 1 and OR 2 , each ranging from 1 to 5 and positive infinity, we found that the abstinence rate decreases as the assumed level of dependence between missing and tobacco use, OR 1 or OR 2 increases, as expected. Notice that the abstinence rates for the two studied conditions were found consistently higher than their corresponding control groups in all scenarios (i.e., the estimated treatment effect as indicated as odds ratios of abstinence are all > 1).
As shown in the upper-left corner of Table 4 , significant treatment effects were estimated for the counseling group when both OR 1 and OR 2 were small. Otherwise, there seemed to be no significant treatment effects for Five subjects whose urine samples were not of adequate amount for testing. These 5 missing urine test results were assumed to have the same distribution as the rest 177 urine samples (86% verified abstinence and 14% verified failure) and added to the two columns accordingly the counseling or the multiple contests groups under different combinations of OR 1 and OR 2 . We also found that the estimated treatment effect of counseling vs. no counseling is more sensitive to the assumed level of dependence between the survey missing and self-report abstinence, but less sensitive to the assumed level of dependence between the urine missing and urine-verified abstinence. For the estimated treatment effect of the multiple-vs. single-contest, we observed no obvious pattern, no matter what values were assumed for OR 1 or OR 2 . This can be explained by the comparable survey and urine missing rates between the two contest groups as shown in Table 2 . We performed additional sensitivity analysis by assuming that survey non-respondents would be less likely to provide urine than survey respondents (λ = 0.5). Results (shown in Additional file 1: Table S1 ) are consistent with the results reported above which are based on the equal urine missing rate assumption (λ = 1).
Discussion
In many smoking cessation studies, researchers are interested in biochemically verified abstinence (e.g., urine cotinine verified abstinence). To conserve resources, it is common to only invite people who self-report abstinence to provide biochemical samples to validate self-reported abstinence. Hence, missing data can be present at either the survey completion stage or the biochemical sampling stage. The imputation approaches presented in this paper take into account this two-stage missing data challenge and describes a two-step imputation approach allowing the survey missing and biochemical sample missing to have different missing mechanisms. Our proposed imputation approach includes both the missing = smoking imputation (an extreme case of MNAR) and the MAR imputation as special cases, hence providing a more thorough sensitivity analysis result than any simple imputation method alone. The estimated effect of the treatments tested in the Enhanced Quit & Win study were sensitive to the different missing mechanisms depending on the differential missing data patterns across treatment arms. Although the overall results were not universally impacted, these findings demonstrate that the use of one simple imputation method alone could result in misleading conclusions regarding a treatment effect estimate. There has been a debate regarding whether treatment should be adjusted or stratified in the imputation models. Jackson et al. [16] adjusted for treatment in their imputation model since treatment was found to be associated with the missing status and predicted missing outcomes. Alternatively, in this paper, we performed imputations stratified by treatment rather than adjusting for treatment in the model [17, 18] . Although some researchers may argue that this may overestimate the treatment effect [16] , it has not been demonstrated by the preponderance of evidence. Research with more data examples to investigate the difference between these two strategies is certainly warranted.
In this paper, all the imputations were performed on aggregated data. In other words, no individual-level variation has been considered. Currently, we are working on extending the proposed imputation approach for aggregated data to take into account the uncertainty in the individual probability of tobacco use as in multiple imputations. One advantage of the imputations based on aggregated data is the ease of computing, while the multiple imputations approach is expected to give more conservative results as individual level variability is taken into account in the estimation of treatment effect. Also in this paper, we focus on the analysis of cessation outcome at a single time point. However, with repeatedly measured outcomes, longitudinal data analysis methods for dealing with missing data could be considered. [12, [19] [20] [21] . Note that our proposed 
Conclusions
The proposed two-stage imputation method provides an effective sensitivity analysis tool for analyzing missing OR 1 : odds ratio between missing and tobacco use status for self-report data; OR 2 : odds ratio between urine missing and urine-verified failure among those who self-reported abstinence; Tx1: single contest + no counseling; Tx2: single contest + counseling; Tx3: multiple contests + no counseling; Tx4: multiple contests + counseling. P-values are based on the Chi-square test data introduced at two different stages of outcome assessment, the self-report and validation time, frequently encountered in tobacco cessation studies. Our methods are also applicable to trials studying biochemically verified abstinence from other substance use such as alcohol and recreational drugs.
